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existing detection algorithms to various types of RFl. The Sparse Component Analysis - Dictionary learning
(SCA) has been investigated to determine its sensitivity to continuous wave (CW) RF. » Mixing matrix A is estimated using the sparse = *° Structureddictionary » A global clustering algorithm, weighted histogram, is used to estimate the
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In practice the source signals are not Consider dictionaries that span €T, K > T: redundant dictionary, infinite
disjoint in time. Columns of A not easily representation * Figure shows the performance results of SCA for detection of CW RFI with INR,
determined from scatter plot Once the dictionary is determined the signal representation can be determined in ranging from -15 dB to 2.5 dB.
the transformed domain using either a global optimization technique or greedy
e e algorithms. * The results show perfect to near perfect detection for INRs greater than -12.5 dB
| Let K, denote the number of atoms in the dictionary,®. If the signal in time domain and very good detection at -12.5 dB and -15 dB.
T e L L i is x and the signal coefficients in the transformed domain is c,, then
o « Results show that detection works for relatively large INRs for CW RFI.
s > X = ¢Cx c 51 |
“’ T ° _:“*L“‘“‘*’ "*’*MT"‘ M*“‘* b Reference
- - o where x = [x(1), ...,x(®)]" and ¢, = [c, (1), ..., cx (K)]". I R. Gribonval and M. Zibulevsky. “Sparse component analysis,” in Handbook of
ources with non . T — - i - - ot
JUlt Sources mixture Scatter plot of the mixtures x _ ] Blind Source Separation: Independent component analysis and applications P.
disjoint supports P and x 1 c, = arg min ||c,l; Sparse Repres_entatlon £ Comon, C. Jutter, Academic press, 2010, pp. 367-420.
2 x=Pcy of sources mixture




